Abstract. Hydrologic projections are of vital socio-economic importance. Yet, they are also prone to uncertainty. In order to establish a meaningful range of storylines to support water managers in decision making, we need to reveal the relevant sources of uncertainty. Here, we systematically and extensively investigate uncertainty in constrained hydrologic projections for 605 basins throughout the contiguous United States. We show that in the majority of the basins, the sign of change in average annual runoff and discharge timing for the period 2070-2100 compared to 1985-2008 differs among combinations of climate 5 models, hydrologic models, and parameters. Mapping the results revealed that different sources of uncertainty dominate in different regions. Hydrologic model induced uncertainty on the sign of change in mean runoff was related to snow processes and aridity, whereas uncertainty in both mean runoff and discharge timing induced by the climate models was related to disagreement among the models regarding the change in precipitation. Overall, disagreement on the sign of change was more wide-spread for the mean runoff than for the discharge timing. The results demonstrate the need to define a wide range of 10 quantitative hydrologic storylines, including parameter, hydrologic model, and climate model forcing uncertainty, to support water resources planning in defining policy pathways.
Methodology
We assess the uncertainty in hydrologic projections using a multi-parameter multi-model multi-basin approach. We investigate the role hydrologic model parameters, hydrologic model, and GCM choice play in the uncertainty of hydrologic projections.
We employ three frequently-used hydrologic models (SAC, VIC, HBV), constrained based on observations, and five different The two investigated metrics are the long term mean runoff and the day of the year where half of the discharge has passed (referred to as 'discharge timing'). We particularly focus on agreement in the sign of change only, and not on agreement in the 30 size of the change. Although agreeing on the sign of change in mean runoff might already not be straightforward (Addor et al., 2014) , it is a first and necessary condition in robust projections. All other relevant variables, such as peak flows or drought (Roudier et al., 2016) , are even harder to project, as they are related to runoff variability rather than mean runoff. The agreement is defined as the percentage of runs that project the same sign of change (positive change = increasing mean annual runoff, negative change = decreasing mean annual runoff) as the ensemble mean change. Finally, the sign of the ensemble mean change is compared for different combinations of hydrologic models and GCMs.
The large sample of basins employed in this study (605, spread over the contiguous United States, CONUS, Newman et al., 2015) provides the opportunity to study agreement in projections across a range of climate and catchment conditions, and to attribute the uncertainty to particular hydrological processes (Gupta et al., 2014) . We will discuss the results based on an example for the VIC model, because this model is widely applied for climate impact assessments, and the CNRM-CM5 GCM was chosen as the reference GCM because this model has the lowest bias in CONUS (Sheffield et al., 2013) . The results from 5 the other hydrologic model -GCM combinations are presented in the appendices.
Hydrologic models and parameter sampling strategy
We apply three frequently used hydrologic models, which were applied in a lumped fashion to 605 basins throughout the contiguous United States (Newman et al., 2015) : VIC 4.1.2h (Liang et al., 1994) , SAC-SMA combined with SNOW-17 (Newman et al., 2015) , and the TUWmodel following the structure of HBV (Parajka et al., 2007) . A very brief description of the em-10 ployed models can be found below.
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VIC
The Variable Infiltration Capacity (VIC Liang et al., 1994 , 1996 model is a land-surface model that solves both the water and the energy balance. Three soil layers are distinguished. Evaporation takes place based on the available moist from the upper soil layer. Dependent on the rooting depth water can be extracted from deeper soil layers for transpiration. For the upper two soil layers, the Xinanjiang formulation (Zhao et al., 1980 ) is used to describe infiltration. This formulation assumes that 5 the infiltration capacity varies within an area. Surface runoff occurs when precipitation intensity exceeds the local infiltration capacity of the soil. Moisture transport downwards is gravity-driven and only dictated by the moisture level of the upper soil layer. The snow model is a two-layer accumulation-ablation model, which solves both the energy-and the mass balance. At the top layer of the snow cover the energy exchange takes place. A zero energy flux boundary is assumed at the snow-ground interface.
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SAC
The Sacramento Soil Moisture Accounting model (SAC-SMA, Burnash et al., 1973; National Weather Service, 2002 ) is a bucket-type model that was developed by the US National Weather Service. The two basic components of SAC are tension water, water present in the soil but due to absorption to soil particles only removable through evaporation and transpiration, and 15 free water, water that is available for percolation and drainage. Furthermore, SAC divides the soil into an upper and a lower zone. Direct runoff is generated from impervious areas, and when rainfall intensity exceeds the infiltration rate of the soil or when the soil is saturated. Snow-17 is an air-temperature-index-based snow accumulation and ablation model (Anderson, 1973 ).
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HBV
The Hydrologiska Byråns Vattenbalansavdelning model (HBV, Bergström, 1976 , 1992 was developed in Sweden. The HBV model consists of three main components: snow accumulation and melt (the snow routine), soil moisture (the soil routine), and response and river routing (response function and routing routine). Snow accumulation and snowmelt are parameterized with a degree-day expression, based on two parameters, one which represents the threshold level above which snowmelt starts and 25 one below which precipitation falls as snow. The soil routine is controlled by the maximum soil moisture storage, a non-linear function that describes the relation between soil moisture level and recharge and a parameter that links the soil moisture level to evaporation. Recharge from the soil moisture routine is transformed into discharge using two reservoirs: a fast responding reservoir, and a slow responding reservoir that is fed with percolation water from the fast responding reservoir.
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For each model, a representative set of parameters that capture the essential hydro-climatological features was identified.
A large range of parameters was sampled using a Sobol'-based Latin Hypercube sample: 17 parameters for VIC (Demaria et al., 2007; Chaney et al., 2015; Melsen et al., 2016; Mendoza et al., 2015b) , 18 parameters for SAC (Newman et al., 2015; Lhomme, 1997) , and 15 for HBV (Parajka et al., 2007; Uhlenbrook et al., 1999; Abebe et al., 2010) . Physically realistic parameter boundaries were determined, based on the literature: see Appendix Tables A1, A2, the Euclidean distance between observations and simulations for three components: the correlation, the relative variability, and the relative bias, the Kling-Gupta Efficiency (KGE, Gupta et al., 2009) .
where r is the correlation between observed and simulated runoff, α is the standard deviation of the simulated runoff divided by the standard deviation of observed runoff, and β is the mean of the simulated runoff, divided by the mean of the observed runoff.
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The parameter set needed to result in a KGE of at least 0.5 on a daily basis over 23 years in order to be considered behavioural, see Figure 1a . If none of the parameter sets fulfilled the performance criterion, the hydrologic model was considered nonbehavioural.
GCM forcing data
The constrained hydrologic models were forced with statistically downscaled and bias corrected GCM output using Bias
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Corrected Spatial Disaggregation (Wood et al., 2004) for a historical and future (2065-2100) period and run with a daily time step (Figure 1b) . The first five years of both periods were used as spin-up period and ignored in the analysis. Five different climate models from the Coupled Model Intercomparison Project Phase 5 (CMIP5, RCP8.5) were employed: CNRM-CM5, IPSL-CM5A-MR, CCSM4, MPI-ESM-MR, and INM-CM4. The five selected GCMs represent the different families in the climate model genealogy . From each family the member with the smallest bias in temperature and 20 precipitation for the contiguous United States (Sheffield et al., 2013) was selected.
Test for significant change
In order to test if the projected change in mean annual runoff and discharge timing was significant, a t-test was applied, which compared the distribution of the metrics over the behavioural parameter sets for the historical period with the distribution of the metrics over the behavioural parameter sets for the future period ( Figure 1b ). The threshold in order to be qualified as significant 25 was p<0.05. In order to apply the t-test, we set a pragmatic lower boundary of at least 10 parameter sets that needed to be behavioural. For VIC, SAC, and HBV, 0.5, 0.8, and 0.7% of the basins, respectively, had less than 10 but at least 1 behavioural parameter sets. In these basins, the significance of the projected change could not be tested. The intention was to exclude the basins with a non-significant change from the analysis, following the approach of (Knutti and Sedláček, 2013) where agreement and significance are combined in a robustness metric. However, it turned out that none of the basins experienced a consistent 30 non-significant change in any of the two metrics over different hydrologic models and GCMs. Therefore none of the basins was excluded.
Analysis of agreement in projected change
To determine the change in the two investigated metrics for a basin, the simulated mean annual runoff and the discharge timing over the period 1985-2008 were compared with the simulated mean annual runoff and discharge timing over the period 2070-2100 for each behavioural parameter set. The difference in the metrics between both periods is the projected change, where the change in mean annual runoff can be an increase or decrease (Figure 1c) , and the change in discharge timing can be earlier or 5 later in the year. The ensemble mean change was then determined as the mean change for all the behavioural parameter sets (Figure 1d ). In this study we particularly focus on the sign of the ensemble mean change (i.e., an increase or decrease in mean annual runoff, and an earlier or later discharge timing).
We relate the sign of change in both metrics to three sources of uncertainty: hydrologic model parameters, the choice of the 10 hydrologic model, and climate forcing. To identify the uncertainty induced by the representative parameter sets, the agreement among the representative sample of parameter sets on the sign of the change was determined per basin ( Figure 1d ). To investigate the effect of the choice of the hydrologic model, the sign of the ensemble mean change projected for the three different hydrologic models was compared per basin. behaviour (see Section 2.1). As an example for the VIC model forced with CNRM-CM5, we find a disagreement on the sign of the change in 11% of the basins. In these basins, some parameter sets lead to an increase in mean annual runoff, while other parameter sets lead to a decrease in mean annual runoff in the future under the same forcing. Figure 2a shows the spatial 7 Hydrol. Earth Syst. Sci. Discuss., https://doi.org/10.5194/hess-2017-564 Manuscript under review for journal Hydrol. Earth Syst. Sci. Discussion started: 26 September 2017 c Author(s) 2017. CC BY 4.0 License. distribution of these basins. Clustering of basins with disagreement, especially in the north-west, is visible. In the majority of the basins (59%) there is unanimous agreement on the sign of the change. However, in 29% of the basins no representative parameter sets could be identified, i.e., the hydrologic model could not capture the hydrological behaviour of the basin in current climate with observed forcing, and is therefore qualified as non-behavioural. In 1% of the basins the change was not significant, or less than 10 parameter sets were identified as representative (see Section 2.1). The percentage of basins in which 5 there is unanimous agreement on the sign of change depends on the employed hydrologic model and the GCM (see Appendix Figure A1 ). On average, VIC leads to agreement in 55% of the basins (averaged over five GCMs), followed by SAC (46%), and HBV (43%).
Discharge timing
Also for the timing metric, behavioural hydrologic model parameters can lead to disagreement on the sign of change. The 10 results for VIC forced with CNRM-CM5, shown in Figure 2b , have a disagreement in the sign of change in 15% of the basins (55% unanimous agreement, 29% no behavioural runs). Spatially, we recognize two clusters of disagreement: one in the northwest, although in different basins than where disagreement in the mean runoff metric was found, and one close to the central east coast in the Appalachen region, which was not found for the mean runoff metric. On average over all model combinations, hydrologic parameters lead to disagreement in discharge timing in 19% of the basins, with SAC being most sensitive for dis- A more stringent criterion to identify representative parameter sets can potentially decrease the disagreement introduced by the parameters, but at the same time increases the number of basins in which the models are non-behavioural. Inherent to our approach is the relatively coarse parameter sample, which can explain why some models are non-behavioural in some basins 20 while other studies have applied the same model in comparable regions. A larger parameter sample could therefore decrease the number of non-behavioural basins and even allow for a more stringent selection criterion. This would, however, increase the computational burden substantially. Another approach would be to constrain the hydrologic models on observations of several different hydrological states and fluxes, such as soil moisture and ground water (Koster et al., 2010; Rakovec et al., 2016) . 
Impact of hydrologic model
Mean runoff
The sign of the change in mean annual runoff is affected by the choice of the hydrologic model. The choice of the hydrologic model leads to disagreement in 26% of the basins when the three models are forced with the same CNRM-CM5 output. Figure   3a shows the basins in which the three employed hydrologic models agree on the sign of the change in mean annual runoff.
The east-coast shows the clearest boundary: the in north-east the models disagree, whereas in the south-east the models agree.
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In 46% of the basins, three (or two, if one model was non-behavioural) hydrologic models agreed on the sign of the change.
In 14% of the basins two hydrologic models were non-behavioural, such that a mutual model comparison was impossible. The models agree on the sign of the change Two models agree, one non−behavioural Two models disagree, one non−behavioural The models disagree on the sign of the change
Two models non−behavioural All models non−behavioural
The models agree on the sign of the change Two models agree, one non−behavioural Two models disagree, one non−behavioural The models disagree on the sign of the change Two models non−behavioural All models non−behavioural In the remaining 14% of the basins, none of the employed hydrologic models were behavioural. The agreement among the hydrologic models varied when forced with different GCMs (see Appendix Figure A2 ). With CCSM4, the highest agreement among hydrologic models was established (in 59% of the basins), with INM-CM4 the lowest agreement (45%). The spatial structure of the agreement among the hydrologic models, as demonstrated in Figure 3a , suggests a link with catchment and climate characteristics. We compared several characteristics for three different agreement categories (agreement, dark and light blue dots in Figure 3a ; no agreement, orange and red dots in Figure 3a ; three models non-behavioural, black dots in Figure 3a ). Figure 4 shows the spatial distribution and summarizes the characteristics of the basins within each category. We only discuss the characteristics which were consistently significantly different when the three hydrologic models were forced with different GCMs.
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The basins in which the three hydrologic models agree on the sign of the change (Figure 4a ) experience a significantly lower projected temperature change compared to all other basins. Furthermore, these basins have on average a lower aridity, less or no dry periods, and a lower snow-day ratio. A logical explanation, namely that the basins in which the models agree experience a significantly larger change in precipitation as demonstrated in Figure 4b , was found not to be consistent among the five GCMs. The basins in which the hydrologic models disagree on the sign of the change (Figure 4c ) are characterized by 10 a consistently higher slope and elevation, and related to that, a significantly higher snow-day ratio (Figure 4d ). Disagreement among the hydrologic models can thus be attributed to the conceptualization of snow accumulation and melt processes. The exact mechanisms behind the impact on runoff of a precipitation shift from snow towards rain are not yet well understood (Berghuijs et al., 2014) , but it should also be acknowledged that not all our knowledge on snow processes is incorporated in the employed hydrologic models. Several other studies also identified snow processes as critical in hydrologic projections (e.g. Dobler et al., 2012; Vidal et al., 2016) . These results provide a strong motivation to carefully test the snow conceptualization in hydrologic models before applying them in climate change impact studies. The basins in which none of the hydrologic models 5 was able to capture current hydrological behaviour with observed forcing (Figure 4e ) have a significantly higher aridity and intermittent stream flow behaviour (no-flow periods). This is related to basins with a larger area and a lower slope (Figure 4f ).
These results imply that all hydrologic models have difficulty in mimicking dry conditions, where the interplay between soil moisture and evapotranspiration becomes important (Seneviratne et al., 2010) . Our lack of understanding in these processes is of concern, particularly as aridity is expected to increase in the future (Berg et al., 2016) . Improved conceptualization of 10 these processes is needed, which will probably entail scrutinizing soil moisture -evapotranspiration feedbacks (Roderick et al., 2015) . For the basins in Figure 4e , a significantly lower change in precipitation is projected, consistent among the five GCMs.
Discharge timing
The sign of change in discharge timing can also be affected by the choice of the hydrological model. In 19% of the basins, the choice of the hydrologic model leads to disagreement in the sign of change when forced with the same CNRM-CM5 output, as
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shown in Figure 3b . For the displayed case, in 52% of the basins, three (or two, if one model was non-behavioural) hydrologic models agreed on the sign of the change. On average over all the different climate models, the choice of the hydrologic model structure leads to disagreement in 23% of the basins (see also Appendix Figure B2 ). As with the mean runoff metric, we also recognize a spatial structure in the agreement on the sign of change in discharge timing in Figure 3b . Also for the discharge timing metric, we compared several characteristics for three different agreement categories (agreement, dark and light blue 20 dots in Figure 3b ; no agreement, orange and red dots in Figure 3b ; three models non-behavioural, black dots in Figure 3b ).
The spatial distribution and the summarized characteristics are displayed in Figure 5 . Only the characteristics which were consistently significantly different over the different GCMs are discussed.
Three catchment characteristics are consistently significantly different for the basins in which there is agreement among hydrological models on the sign of change in discharge timing (Figure 5a ). These basins are characterized by a significantly 25 lower amount of no-flow periods, and these basins have a higher slope and elevation compared to the basins where hydrological models lead to disagreement (Figure 5c ) or where to models are non-behavioural (Figure 5e ). The results seem to imply that the models agree on discharge timing in mountainous regions. The basins in which the hydrologic models disagree on the sign of the change in discharge timing (Figure 5c ) have fewer no-flow periods, a lower aridity, and a lower elevation compared to all other basins. In contrast to the results for the mean runoff metric, mean ∆T and snow day ratio do not consistently appear as 30 explanatory variable, although especially the latter could potentially influence discharge timing. The basins in which none of the hydrologic models was able to capture current hydrological behaviour with observed forcing are, naturally, equal for both the volume and the timing metric (Figure 5e ), and thus characterized by higher aridity, more no-flow periods, a lower slope, a larger area, and a smaller projected change in precipitation, as discussed in Section 3.2.1. is employed. Figure 6a shows that only in 11% of the basins, the sign of the change is consistent when the same hydrologic 5 model (VIC) is forced with different climate model outputs. In the remaining 29% of the basins, the hydrologic model was non-behavioural. When HBV is applied with five GCMs, 16% of the basins show a consistent sign of change, for SAC only 8% (see Appendix Figure A3 ). Climate change characteristics can explain the (dis)agreement on the sign of the change when the hydrologic model is forced with five different GCMs. The spatial distribution and the related climate change characteristics of two different categories (agreement, dark blue dots in Figure 6a ; disagreement, orange and red dots in Figure 6a ) are shown 10 in Figure 7 . We only discuss the characteristics which were consistently significantly different among the three different hy- drologic models when forced with five GCMs.
The basins with agreement on the sign of the change (Figure 7a ) are characterized by a significantly lower standard deviation in the projected change in precipitation (Figure 7b ), i.e., the GCMs agree more on the projected change in precipitation. The basins in which the models disagree on the sign of the change (Figure 7c ) have a significantly larger change in precipitation, deviation in precipitation among the five GCMs (Figure 7d ). The relatively low change in temperature projected in the basins with disagreement most likely relates to Alpine basins, where relatively small changes in temperature lead to a low signal-tonoise ratio related to snow-melt processes (Addor et al., 2014) .
Discharge timing
In 36% of the basins, different GCM forcing leads to a different sign of change in discharge timing, when the VIC model is 5 employed (Figure 6b ), whereas in 35% of the basins, there is agreement on the sign of change when the same hydrological model is forced with five different GCM outputs. This is substantially different from the findings for the mean runoff metric (where 60% and 11% of the basins experienced disagreement and agreement, respectively). Also for the other hydrological models, the percentage of basins in which there is agreement on the sign of change is higher for the discharge timing than for the mean runoff: with SAC, in 31% of the basins there is agreement on the sign of change, with HBV, 24% of the basins (see
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Appendix Figure B3 ), although the impact of the GCMs on the agreement is still remarkable. Figure 6 shows that the different results for the two metrics can particularly be found in the west part of the US. The spatial distribution of (dis)agreement on the sign of change in discharge timing is related to climate change characteristics in Figure 8 . Only the climate change characteristics that have shown to consistently significantly differ over the three hydrological models are discussed.
The basins in which there is agreement on the sign of change in discharge timing (Figure 8a ) experience a significantly 15 higher change in temperature and change in precipitation (Figure 8b) . Disagreement among the GCMs concerning the change in temperature (std ∆T) was not consistently significantly higher for the three different hydrological models. For all three hydrological models, the basins in which different GCM forcing leads to disagreement on the trend direction ( Figure 8c) experience a lower change in temperature, a higher change in precipitation, a higher agreement on the change in temperature, but, as we also saw for the mean runoff metric, a higher disagreement on the change in precipitation. These results show that precipitation is the driving force for hydrologic models, and that the disagreement among GCMs regarding the change in precipitation introduces uncertainty in the hydrologic projection. Reducing this uncertainty, however, is not a trivial task 5 (Knutti and Sedláček, 2013; Fatichi et al., 2016) . While it may seem illogical that both the basins with agreement ( 
Combined uncertainty
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One could expect that uncertainty in the parameters is closely related to uncertainty introduced by the choice of the hydrologic model. This is, however, not the case. Figure 9 provides an overview of the investigated sources of uncertainty and their combined spatial distribution (see also Appendix Figure A4 and B4).
Mean runoff
For the mean runoff metric, depending on which combination of hydrologic model and GCM is employed, 0 to only 5% of the model. The combination hydrologic model -GCM is more frequent (3 -14%) and the combination of parameter sets and GCM is most frequent (3 -19%) . In 1 to 16% of the basins, all three factors lead to uncertainty. The map in Figure 9a also reveals a spatial pattern in relevant uncertainties; in the north-west combinations of parameter sets and climate model can be found, whereas in the north-east the combination hydrologic model -GCM is more common. In the south-east only GCM choice is the main source of uncertainty. The models are non-behavioural in the great plains area. 
Discharge timing
Also for the discharge timing metric, only 0 to 5% of the basins experience uncertainty from both the parameter sets and the hydrologic model choice. More frequent is the combination parameter sets -GCM uncertainty (2 -10%), most frequent is the combination hydrologic model -GCM (3 -12%). Figure 9b shows spatial clustering of the different sources of uncertainty: in the north-west, all three investigated sources of uncertainty influence the sign of the change in discharge timing, in the south-
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east the climate models dominate as source of uncertainty, and in the north-east the hydrologic models lead to disagreement on the sign of change.
Comparing the two investigated metrics, Figure 9a and b, we recognize generally comparable spatial patterns in the sources of uncertainty, for example the role of GCMs in the south-east and hydrologic models in the north-east. There are, however, 15 also some differences. In the north-west, the sign of change in discharge timing is influenced by all three investigated sources of uncertainty, whereas the sign of change in mean runoff in the north-west is mainly controlled by the climate model and the parameter sets. In the south-east, we see for both a region influenced by the GCM, but for the discharge timing we see spots in this region where hydrologic model and parameter sets are also important. The most remarkable difference between both metrics is that for the discharge timing, a large region in the mid-west and parts of the west coast can be identified where there 20 is unanimous agreement on the sign of change.
Discussion
We demonstrated that robustness in hydrologic projections is mainly controlled by the the GCM forcing, followed by the choice of the hydrologic model, and the parameter sets of the hydrologic models, respectively, for both the volume metric and the timing metric. Our results are in contrast with the results of Vidal et al. (2016) , who found hydrologic models to be a 25 larger source of uncertainty than the GCM forcing. This can depend on the employed GCMs. Hoang et al. (2016) , for example, demonstrated for South-East Asia that the variation in temperature and precipitation projections among the different GCMs in CMIP5 is larger for RCP8.5 (employed here) than for RCP4.5; climate models disagree more in a more extreme scenario. This also brings forward another point: three important sources of uncertainty have not been considered in this study, of which one is the uncertainty in emission scenario, which depends on greenhouse gas emissions and the policy that will be implemented tages and disadvantages. The technique employed here, Bias Corrected Spatial Disaggregation (Wood et al., 2004) , tends to overestimate the wet-day fraction and underestimate extreme events, which both can influence the hydrologic response of the catchment. Accounting for the internal climate variability implies considering different realizations of the same GCM. It has been demonstrated that slightly different initial conditions can lead to a substantially different GCM realization (Deser et al., 2012; Fatichi et al., 2016) . Furthermore, land-use and soil parameters have been kept constant for both modelling periods.
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Although it is very likely that land-use will change in the future as a result of climate change or population growth, there are currently no methods to quantify this change and translate that to parameter values for the employed hydrologic models.
Considering that at least three important sources of uncertainty have not been taken into account, this study likely presents an underestimation of the total uncertainty in the sign of change.
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The substantial uncertainty in the sign of change, however, does not imply that it is impossible to say anything about future changes in our hydrologic system. We showed that the uncertainty in the sign of change is more wide-spread for the mean runoff metric than for the discharge timing metric. Addor et al. (2014) already showed that mean runoff has a low signalto-noise ratio, whereas other signatures, for example related to particular seasons and timing, are more robust. It is therefore advised to focus on, for example, timing metrics, rather than mean runoff, when investigating climate change impact on the 15 hydrologic system.
Conclusions
The goal of this study was to reveal sources of uncertainty in hydrologic projections, and to provide directions for further research to decrease or account for this uncertainty, in order to define realistic quantitative hydrologic storylines. In this study, we focussed on the sign of change in mean annual runoff and discharge timing (day of the year where half of the discharge 20 has passed). In our results, GCM forcing was the main source of uncertainty, followed by the hydrologic model structure and the parameters of the hydrologic model. Different sources of uncertainty dominated in different regions. In general, there was more agreement on the sign of change in discharge timing than on the sign of change in mean runoff. Three important sources of uncertainty have not been considered: emission scenario, GCM downscaling technique, and internal climate variability.
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In some regions parameters and/or hydrologic model uncertainty were the most important source of uncertainty, illustrating the need for improved process representation and parameter estimation in hydrologic models. We could relate the uncertainty in the mean runoff metric to snow and aridity processes dictated by the hydrologic model, and uncertainty in the discharge timing metric to basins with a lower elevation (non-mountainous regions). Uncertainty in both metrics was influenced by (dis)agreement among GCMs regarding the projected change in precipitation. Furthermore, our study revealed a spatial pattern Appendix C: Overview of sampled parameters in the hydrological models Table A1 . Selected parameters and their boundaries for the VIC model (see Methods). Parameter 1 to 7 were shown to be the most sensitive parameters based on Demaria et al. (2007) ; Chaney et al. (2015) and Melsen et al. (2016) . Parameter 8 to 14 were selected for their impact on snow and/or evapotranspiration processes. Parameter 15 -17 are usually hard-coded in the VIC model, but were shown to be highly sensitive in Mendoza et al. (2015b) and are therefore included in the sampling. LB = lower boundary, UB = upper boundary. 
